1. Introduction {#s0005}
===============

At present, cardiovascular disease has become the primary cause of death in the world, of which, atherosclerosis is the main cause of cardiac death. Deaths in atherosclerosis in Europe and the United States account for 1/3 of the total deaths. Domestically, atherosclerosis morbidity and mortality rate grows rapidly, greatly threatening life. Atherosclerosis (AS) is a type of arteriosclerosis, also a most important type of vascular disease. AS is often accompanied by high blood pressure, hypercholesterolemia or diabetes, etc. ([@b0005], [@b0095]), more prevalent in cerebral arteries, coronary artery, aorta. There are many factors influencing the occurrence and development of atherosclerotic plaques, including lipid infiltration, damage to mononuclear cells, arterial endothelial cells, foam cells as a result of macrophage phagocytosis of lipid, repair reaction after vascular injury, etc.

Recent years see increasing popularity of bioinformatics in data mining. Data mining is the process of digging out effective, potentially useful, novel and eventually understandable patterns from excessive data, which can also be understood as extracting or digging knowledge from excessive data. In general, clinical medical data feature diversity, redundancy repeatability, complexity, temporal priority and non-normality. Via data mining, we can extract valuable information from complex medical data to help with clinical decision making. The auxiliary diagnostic models of data mining including Logistic Regression (LR), Support Vector Machine (SVM), Artificial Neural Network (ANN), Decision Tree (DT), Bayes are more and more used in medical diagnosis ([@b0125], [@b0145]). Support vector machine is a category of computer-aided diagnosis. As an auxiliary diagnostic tool, it cannot yet completely replace the clinician\'s diagnosis ([@b0020], [@b0010]), but its auxiliary diagnostic value has been recognized.

In this study based on the development of atherosclerotic plaques, such as changes in coagulation and immune levels, oxidative stress and inflammation, plasma cystatin C (Cys), homocysteine (Hcy), D-dimer (D-D), hypersensitive C reactive protein (hs-CRP), malondialdehyde (MDA), uric acid (UA), interleukin-6 (IL-6), soluble CD40 ligand (sCD40L), lipoprotein (a) \[LP (a)\], fibrinogen (FIB) and serum amyloid A (SAA) were selected from the inflammatory factors that could reflect these changes, to detect the correlation with AS and evaluate the application value in AS diagnosis. The application value of the biochemical markers in AS clinical diagnosis was evaluated based on support vector machine, BP neural network, Logistic regression analysis and receiver operating characteristic (ROC), to establish diagnostic model of serum markers in AS early diagnosis, assist doctors' diagnosis, improve the diagnosis rate, thereby laying the theoretical basis for early clinical detection of atherosclerosis.

2. Materials and methods {#s0010}
========================

2.1. General data {#s0015}
-----------------

The 200 patients with atherosclerosis who were hospitalized in our hospital from 2012 to 2015 were selected as the experimental group. With 42 males and 18 females, the group was aged 43--75 years (mean age 63.5 years). Another 100 healthy people who had physical examination in our hospital for the same period were selected as the control group. With 43 males and 17 females, the group was aged 43--76 years (mean age 64.7 years). Exclusion criteria: immune disease, with acute and chronic infection evidence, tumor, recent surgery or trauma, chronic connective tissue disease and valvular disease, atrial fibrillation, severe renal insufficiency (serum creatinine \>120 Lmol/L), hyperthyroidism, iodine allergy. All the subjects' age, sex, history of hypertension, diabetes, alcohol and tobacco were recorded. This study has received written consent from all patients and follows the Helsinki Declaration and other bioethical principles.

2.2. Serum collection {#s0020}
---------------------

All subjects had 12 h fasting since the previous night. Afterwards, 10 ml venous blood was collected in the morning and placed in EDTA anticoagulant tube. The sample underwent centrifugation within 2 h at speed of 3000 r/min for 10 min. The serum sample was stored at −20 °C.

2.3. Indicator detection {#s0025}
------------------------

The contents of LDL-C, HDL-C, TC, TG, UA, Hcy, CysC and hs-CRP were determined by automatic biochemical analyzer (Hitachi-7100). The related reagents were provided by Shanghai Diasys Company. The volumes of LP (a) and D-dimer were determined by immunoturbidimetry. LP (a) was determined by immune scatter turbidity and IMMAGE dual-ray rate turbidity analysis system. The system and related reagents were from Beektnan Coulter. D-dimer was determined by latex immunoturbidimetry using fully automated coagulation analyzer (Sysmex CA-550). IL-6, SAA, sCD40L were detected by enzyme-linked immunosorbent assay (ELISA) (with the kit provided by Shanghai Hengyuan Biotechnology Co., Ltd.). MDA: follow instructions on MDA kit (provided by Shanghai Jining Biotechnology) using colorimetry.

2.4. Model establishment method {#s0030}
-------------------------------

Diagnostic model establishment based on Logistic regression analysis: the above 11 inflammatory factor detection levels of AS experimental group and the healthy control group was subject to binary variable assignment, with 0 and 1 for normal and abnormal inflammatory factor detection level respectively. With the 12 indicators as concomitant variables, with pathological diagnosis result of atherosclerosis (AS patient = 1, health group = 0) as dependent variable, make gradual logistic regression analysis with forward method to screen out the biochemical markers used to determine presence of atherosclerosis, and ultimately obtain the modeling indicators. With detection level of the modeling indicators as test variable, and pathological diagnosis result as state variable, formulate the ROC curve. After data entry in SPSS 17.0, with detected level of the 11 inflammatory factors as test variable, and pathological diagnosis result as state variable, formulate separate ROC curve, and evaluate the diagnostic value for atherosclerosis based on area under the curve (AUC).

Diagnostic model establishment based on support vector machine: the collected 300 cases of data were normalized, with patient marked as 1 and healthy one marked as 0. Randomly select 180 out of 200 cases of atherosclerosis and 80 out of 100 cases of healthy people as training set sample to be input to support vector machine for training. The remaining 20 cases of atherosclerosis and 20 healthy subjects were input to support vector machine network after training as test set sample. The discrimination accuracy can be obtained after comparing the discrimination results (1 or 0) with the object.

Diagnostic model establishment based on BP neural network: the 6 parameters of Hcy, IL-6, Hs-CRP, DD, CysC and MDA were incorporated in the study to establish BP neural network model. The case data were randomly divided into training set and test set. The training set and test set data were normalized before input in the network.

2.5. Statistical analysis {#s0035}
-------------------------

All data in this study were analyzed by SPSS l7.0 software. P \< .05 indicates statistically significant difference.

3. Results {#s0040}
==========

3.1. General clinical data {#s0045}
--------------------------

The general data of the two groups of subjects include age, body mass index, sex, hypertension, diabetes, alcohol consumption, smoking, triglyceride, total cholesterol, low density lipoprotein cholesterol and high density lipoprotein cholesterol. These indicators have no significant differences (as shown in [Table 1](#t0005){ref-type="table"}), *P* \> .05.Table 1General data and lipid level comparison between atherosclerosis group and the control group.ItemControl groupExperimental groupF(χ^2^)PCase number100200Age60.77 ± 8.0562.67 ± 8.631.04.07Body mass index23.31 ± 2.0823 ± 2.230.30.26Sex (male/female)58/42122/780.25.35Hypertension58(58.0%)142(71.0%)1.40.24Type 2 diabetes32(32.0%)96(48.0%)2.81.09Alcohol consumption33(33.0%)92(46.0%)2.77.10Smoking history29(29.0%)90(45.0%)2.37.12TG (mmol/L)1.37 ± 0.661.53 ± 0.720.83.06TC (mmol/L)4.65 ± 1.134.90 ± 1.121.07.07LDL-C (mmol/L)2.35 ± 0.712.50 ± 0.690.00.08HDL-C (mmol/L)1.27 ± 0.411.20 ± 0.353.49.13

3.2. Content detection result of each inflammatory factor {#s0050}
---------------------------------------------------------

The inflammatory factor test results of atherosclerosis patients and healthy control group (the two totaling 300 cases) are shown in [Table 2](#t0010){ref-type="table"}. The 11 inflammatory factors are Cys C, Hcy, DD, hs-CRP, UA, MDA, IL-6, FIB, sCD40L, LP (a), SAA. As can be seen from [Table 2](#t0010){ref-type="table"}, level of the 11 inflammatory factors in the atherosclerosis group is significantly higher than that in the healthy control group (*P* \< .05).Table 2Test results of 11 inflammatory factors in atherosclerosis ($\overline{x}$ ± s).Detection indexControl group (n = 100)Experimental group (n = 200)FPHcy (umol/L)9.08 ± 3.1619.66 ± 8.3655.15.00IL-6 (pg/mL)112.57 ± 21.86152.09 ± 28.757.08.00Hs-CRP (mg/L)1.47 ± 0.774.23 ± 1.9859.81.00D-D (mg/L)0.88 ± 0.391.97 ± 1.5283.76.00CysC (mg/L)0.86 ± 0.191.29 ± 0.3529.60.00UA (umol/L)221.42 ± 23.74319.63 ± 24.460.09.00SAA (mg/L)0.19 ± 0.244.69 ± 2.48157.22.00LP(a) (mg/L)127.4 ± 51.04319.35 ± 129.9569.26.00MDA (ng/ml)3.45 ± 0.825.46 ± 0.930.88.00FIB (g/L)2.93 ± 0.763.59 ± 0.841.46.00sCD40L (ng/mL)4.49 ± 0.735.89 ± 1.0510.39.00[^1]

3.3. ROC curve {#s0060}
--------------

ROC curve which is often used to evaluate the pros and cons of a binary classifier is generally above the straight line of y = x. The closer to the upper left corner the ROC curve is, the closer to 1 the area is, and the better the classification effect is. Diagnostic value of these inflammatory factors for atherosclerosis is evaluated with ROC curve. [Fig. 1](#f0005){ref-type="fig"}, [Fig. 2](#f0010){ref-type="fig"} and [Table 3](#t0015){ref-type="table"} show certain diagnostic value of each inflammatory factor for atherosclerosis. In terms of sensitivity, UA ranks the first with 98, FIB ranks the last with 55.5; in terms of specificity, UA ranks the first with 99, FIB ranks the last with 78; in terms of area under the curve, UA and SAA are the highest with 0.995, FIB is the lowest with 0.721.Fig. 1ROC curve of various inflammatory factors (Hcy, IL-6, Hs-CRP, D-D, CysC, UA) versus atherosclerosis.Fig. 2ROC curve of various inflammatory factors (SAA, LP(a), MDA, FIB, sCD40L) versus atherosclerosis.Table 3Diagnostic value of each inflammatory factor for atherosclerosis.SensitivitySpecificityAUCHcy76.5950.883IL-672890.859Hs-CRP78.5920.908D-D56.5940.732CysC74.5890.857UA98990.995SAA96960.995LP(a)79940.906MDA84.5940.95FIB55.5780.721sCD40L81.5790.865

3.4. Logistic regression analysis results {#s0065}
-----------------------------------------

With the 11 parameters of CIS C, Hcy, DD, hs-CRP, UA, MDA, IL-6, FIB, sCD40L, LP (a) and SAA as concomitant variables, with AS pathological diagnosis result as dependent variable, gradual Logistic regression analysis was made with forward method, with results shown in [Tables 4](#t0020){ref-type="table"}and [5](#t0025){ref-type="table"}. As can be seen from [Tables 4](#t0020){ref-type="table"} and [5](#t0025){ref-type="table"}, six independent variables of the 12 indicators are deleted, and six independent variables are selected for the Logistic regression equation, namely, Hcy, Hs-CRP, IL-6, D-D, CysC and MDA. The partial regression coefficients are 0.275, 1.202, 0.065, 1.989, 9.724 and 3.407, respectively. The corresponding P values are 0.032, 0.035, 0.003, 0.029, 0.003 and 0.012, respectively, which are less than 0.05 with statistical significance. The classification table ([Table 5](#t0025){ref-type="table"}) shows classification prediction of atherosclerosis in each step. The first step has a diagnostic prediction accuracy of 88.7%, while accuracy of the second, third, fourth, fifth and sixth steps is 93%, 96%, 97.7%, 98.3% and 99% respectively.Table 4Variables in the Logistic Regression Equation.BS.E.WalsdfSig.Exp (B)Step 1[a](#tblfn1){ref-type="table-fn"}MDA2.659.31969.3721.00014.284constant-11.0991.38863.9641.000.000  Step 2[b](#tblfn2){ref-type="table-fn"}Cys C6.2951.14230.3981.000541.826MDA3.105.47143.4841.00022.319constant-19.6872.85347.6071.000.000  Step 3[c](#tblfn3){ref-type="table-fn"}Cys C6.7511.55118.9561.000855.157IL-6.072.01620.9091.0001.074MDA3.311.60030.4061.00027.403constant-30.0284.88537.7791.000.000  Step 4[d](#tblfn4){ref-type="table-fn"}Hcy.318.08513.9901.0001.374Cys C7.1861.91814.0381.0001320.170IL-6.077.01916.0481.0001.080MDA3.554.79420.0151.00034.953constant-36.1787.01226.6181.000.000  Step 5[e](#tblfn5){ref-type="table-fn"}Hcy.270.0987.6231.0061.311D-D2.238.8656.6921.0109.375Cys C8.8262.8199.8021.0026809.635IL-6.068.01912.4561.0001.070MDA4.1981.32310.0751.00266.568constant-41.83910.28216.5591.000.000  Step 6[f](#tblfn6){ref-type="table-fn"}Hcy.275.1284.5841.0321.316Hs-CRP1.202.5704.4411.0353.325D-D1.989.9134.7431.0297.309Cys C9.7243.3128.6221.00316718.102IL-6.065.0228.5921.0031.067MDA3.4071.3516.3631.01230.167constant-41.31011.01514.0661.000.000[^2][^3][^4][^5][^6][^7]Table 5Classification table[a](#tblfn101){ref-type="table-fn"}.ObservedPredictedAtherosclerosisPercentage correctionControl groupExperimental groupStep 1AtherosclerosisControl group802080.0Experimental group1418693.0Total percentage88.7  Step 2AtherosclerosisControl group871387.0Experimental group819296.0Total percentage93.0  Step 3AtherosclerosisControl group94694.0Experimental group619497.0Total percentage96.0  Step 4AtherosclerosisControl group97397.0Experimental group419698.0Total percentage97.7  Step 5AtherosclerosisControl group97397.0Experimental group219899.0Total percentage98.3  Step 6AtherosclerosisControl group99199.0Experimental group219899.0Total percentage99.0[^8]

3.5. ROC Curve Analysis of Logistic Regression Model for Individual and Joint Detection of 6 Indicators {#s0070}
-------------------------------------------------------------------------------------------------------

ROC curve which is often used to evaluate the pros and cons of a binary classifier is generally above the straight line of y = x. The closer to the upper left corner the ROC curve is, the closer to 1 the area is, and the better the classification effect is. The six inflammatory factors incorporated in Logistic regression analysis equation are subject to individual and joint ROC curve analysis, with results shown in [Figs. 3](#f0015){ref-type="fig"}, [4](#f0020){ref-type="fig"} and [Table 6](#t0030){ref-type="table"}. In individual detection, AUC of MDA is the highest, specificity of Hcy is the strongest, and sensitivity of D-D is the worst. In joint detection of the 6 inflammatory factors, sensitivity is 57%, specificity is 97% and the area under the curve is 0.821. The model sensitivity is low which may be because of the affect of the too poor D-D sensitivity. Thus, ROC curve analysis was made after D-D removal, and then sensitivity increased by 64%, specificity reduced to 90%, the area under the curve was 0.828, which was superior to that of joint detection in overall. Considering the unsatisfactory result, the three biochemical markers Hcy, Hs_CRP, MDA with superior effect and the three inflammatory factors, IL_6, D_D and Cys C with poor effect were respectively joined for ROC curve analysis. According to the result, in the former joint detection, sensitivity, specificity and area under the curve were 67%, 94% and 0.869, respectively, which was inferior to 87% sensitivity, 92% specificity and 0.936 area under the curve in the latter joint detection. The specific reason may be the interaction between inflammatory factors, which needs further study.Fig. 3ROC curve of individual detection versus atherosclerosis.Fig. 4ROC curve of several joint detections versus atherosclerosis.Table 6Diagnostic value of individual and joint detection for atherosclerosis.SensitivitySpecificityAUCHcy76.5950.883IL-672890.859Hs-CRP78.5920.908D-D56.5940.732CysC74.5890.857MDA84.5940.95Joint detection57970.821Joint detection after D-D removal64900.828Hcy, Hs-CRP, MDA joint detection67940.869IL-6, D-D, CysC joint detection87920.936

3.6. Diagnostic model establishment based on SVM {#s0075}
------------------------------------------------

SVM atherosclerosis diagnostic model was established by incorporating six inflammatory factors of Hcy, IL-6, Hs-CRP, D-D, CysC, MDA, as shown in [Fig. 3](#f0015){ref-type="fig"}. The empty circle represents the target output, "∗" is the actual simulation output of SVM. As can be seen from the figure, accuracy of the diagnostic model is 82.5% ([Fig. 5](#f0025){ref-type="fig"}).Fig. 5Accuracy test results of SVM model established by incorporating six inflammatory factors.

3.7. Diagnostic Model Establishment based on BP Neural Network {#s0080}
--------------------------------------------------------------

As can be seen from [Fig. 6](#f0030){ref-type="fig"} parameters of Hcy, IL-6, Hs-CRP, D-D, CysC and MDA are first incorporated in establishment of the neural network. In this study, 260 out of 300 samples were selected as training samples for the training set. The remaining 40 samples constitute the test set. In the training process, a few parameters should be set: incentive function, training function, number of hidden layers, number of hidden layer nodes, number of network output nodes, training frequency threshold and accuracy. Different parameter combinations will achieve different effects. In this experiment, several parameters such as incentive function, conversion function and test function are crossed and combined, and the best combination is selected by training of training samples with various combinations. The results show that the optimal combination is tansig for incentive function, purelin for conversion function, trainlm for training function, 1 for number of hidden layers, 10 for number of hidden layer nodes, 1 for number of output nodes, 10,000 for training frequency threshold and 0.001 for accuracy. The accuracy rate of the model was 77.5% and the misdiagnosis rate was 22.5%.Fig. 6Output results after BP neural network training.

4. Discussions {#s0085}
==============

With the development of natural science, human beings have increasingly deeper understanding towards AS occurrence and development. At present, most scholars believe that AS is very likely to be an inflammatory disease. The theoretical basis is that plaque instability can be caused by the activation of inflammatory response, thereby AS patients have acute cerebral infarction. Studies have confirmed that chronic inflammation plays a vital role in the process of AS occurrence and development ([@b0100]).

This study shows that inflammatory factors CysC, Hcy, hs-CRP, UA, FIB, DD, LP (a), IL-6, SAA, sCD40L, MDA have significant correlation with atherosclerosis, which can serve as sensitivity indicator of AS diagnosis. This is also consistent with many previous studies ([@b0080], [@b0015], [@b0115]). High sensitivity C-reactive protein (hs-CRP) is a highly sensitive inflammatory marker, which can accurately detect low concentration CRP in serum. Clinical studies have shown that hs-CRP is an important risk factor for AS ([@b0105]), which can effectively predict inflammatory responses as independent risk factor of cardiovascular disease. CRP can also increase the expression of adhesion factors, which promotes vascular endothelial cell proliferation as an inseparable factor in AS occurrence and development ([@b0150]). Lipoprotein (a) (Lp (a)), as an independent macromolecular protein with specific antigenicity, can interfere with lipid metabolism and fibrinolytic system, thus playing a vital role in development of cardiovascular disease thrombosis and AS ([@b0165]). Clinically, metabolic site and metabolic mechanisms of LP (a) in vivo remain unclear, and racial genetic factors have a greater impact on them. A number of studies have shown that atherosclerotic disease is closely related to LP (a), and LP (a) rise is an independent risk factor for cardiovascular events ([@b0025], [@b0155]).

The sulfur-containing amino acids in the human body produce an important intermediate metabolite, i.e. homocysteine (Hcy). Studies have shown that elevated Hcy level in plasma is closely related to atherosclerosis. The main mechanism is that elevated Hcy level can lead to endothelial cell damage, and thus promote vascular smooth muscle proliferation and platelet aggregation ([@b0030], [@b0045]). Uric acid (UA) is an inflammatory substance that promotes platelet aggregation and thrombosis ([@b0110]). Uric acid can lead to vascular diastolic dysfunction, increased inflammatory cells, lipid deposition in the arterial intima, and vascular intima damage, causing atherosclerosis exacerbation ([@b0050]). Serum amyloid A (SAA) is a group of polymorphic proteins that are expressed under indirect stimulation of I-1, IL-6 and TNF-α cytokines. Studies have shown that SAA is a very sensitive inflammatory marker ([@b0170]). IL-6 is a class of peptide-like cytokines produced by T lymphocytes and mononuclear macrophages, which have immunoregulatory functions. Some scholars have suggested that cytokine IL-6 is closely related to occurrence and progression of carotid atherosclerosis in patients with hypertension ([@b0130]). Other studies have shown that serum IL-6 levels are positively correlated with the size of cerebral infarction volume ([@b0175]). D-dimer is the most simple and minimal product of thrombus degradation by fibrinolytic action on coagulated thrombus. D-dimer can be detected by immunological principles by simple and accurate method; so it can serve as the only exact and particularly sensitive specific marker reflecting hypercoagulable state and secondary fibrinolytic activity in vivo ([@b0140]). As the research progresses, D-dimer is also increasingly used in patients with atherosclerosis ([@b0120]). Cystatin C (CysC) is an alkaline non-saccharified protein. Most investigators believe that CysC is closely associated with cardiovascular and cerebrovascular disease, and its unbalanced expression will lead to atherosclerosis and aneurysms ([@b0085]). [@b0075] gave clear evidence for CysC\'s relationship with AS. That is, the substance is closely related to stability and regression of atherosclerotic plaques which involves overexpression of cathepsin and low expression of corresponding inhibitors.

CD40-CD40L system is the hub of immune response and inflammatory response. Experimental results ([@b0035]) show excessive CD40 and CD40L secretion in AS patients, which is more severe in patients with plaques prone to rupture. CD40L can promote tissue factor expression and thrombosis within the plaque. Studies have also shown that blocking CD40L in mice after vascular endothelial injury not only promotes plaque stability in progression, but also causes less formation of AS plaque ([@b0055]). Fibrinogen (FIB) is a key coagulation factor during coagulation reaction. According to the study ([@b0160]), abundant FIB and its degradation products exist in atherosclerotic plaques, which plays an important role in stimulating smooth muscle cell proliferation and migration, while promoting low-density lipoprotein adsorption in the vascular intima, thereby increasing lipid aggregation in plaques. Malondialdehyde (MDA) is mainly present in low density lipoprotein cholesterol (LDL-C). It can act on the lipid and produce lipid peroxidation products. Lipid peroxidation is one of the initiating links of endothelial dysfunction, and MDA levels can exactly reflect the severity of lipid peroxidation (LP) injury, which is also closely related to atherosclerosis ([@b0060]).

Since the 1990s, tens of thousands of biomedical data have sprung up rapidly along with progress of various genome sequencing programs and "precision medical" programs. Bioinformatics data analysis and processing methods are also increasingly important in the processing of a large number of medical test data. Logistic regression has three main purposes: risk factor search, predictions and judgments. As one of the most widely used statistical methods in medicine, Logistic regression is the most commonly used models in prediction of complications, such as prediction of risk in surgical complications of gastric cancer ([@b0185]), prostate biopsy factors and prostate cancer prediction ([@b0090]). In the present study, by Logistic regression analysis, 6 biochemical indexes of Hcy, IL-6, Hs-CRP, DD, CysC and MDA were incorporated in the equation, with respective partial regression coefficients at 0.275, 1.202, 0.065, 1.989, 9.724 and 3.407. With corresponding P value less than 0.05, there is statistical significance. The receiver operating characteristic curve (ROC) analysis was based on a series of different binary methods. ROC curve of the prediction model was plotted by Medcalc software, with area under each curve (AUC) calculated. The largest area under the ROC curve indicates that the test has the best diagnostic value. [@b0040] used ROC curve to evaluate diagnostic value of free fatty acids (FFA) for coronary heart disease (CHF). [@b0190] used Logistic regression and ROC curve to analyze the diagnostic value of the three serum markers in primary liver cancer (PHC), screening out two markers with higher diagnostic value. In this study, the six biochemical markers incorporated into logistic equation were subject to individual and joint ROC curve analysis. In individual detection, MDA had the largest area under the curve, Hcy had the strongest specificity, and D-D had the worst sensitivity. In joint detection of the 6 biochemical markers, sensitivity was 57%, specificity was 97%, and the area under the curve was 0.821. In ROC curve analysis after D-D removal, sensitivity improved by 64%, specificity reduced to 90%, and area under the curve was 0.828, which was superior to those of joint detection in overall. In respective joint ROC curve analysis of Hcy, Hs_CRP, MDA and IL_6, D_D, Cys C, sensitivity, specificity and area under the curve of the former joint detection were 67%, 94% and 0.869, respectively, which was inferior to 87% sensitivity, 92% specificity and 0.936 area under the curve of the latter joint detection. Support vector machine (SVM), as the category of informatics, is the best theory of small sample learning. Widely used in the field of intelligent medical data analysis, it represents a hot topic in the current intelligent medical diagnosis research ([@b0135]). [@b0180] proposed a method of coronary artery lesion detection based on support vector machine, and improved the accuracy of algorithm recognition by using coronary surface resampling and feature selection method based on maximum mutual information. BP (Back Propagation) neural network is a multi-layer feedforward network. Trained in accordance with error reverse propagation algorithm, it can solve multi-layer neural network learning problem. In recent years, BP neural networks have been widely used in many medical fields, such as neonatal birth, disease diagnosis, disease prognosis, risk assessment ([@b0070], [@b0065]). In this study, the six biochemical markers of Hcy, IL-6, Hs-CRP, DD, CysC and MDA were analyzed by SVM modeling and BP neural network. The accuracy of SVM diagnostic model was 82.5% and that of BP neural network was 77.5%.

In summary, all the selected 11 inflammatory factors have diagnostic value for AS, but the selected inflammatory factors are a result of human decision, so we failed to incorporate all factors influencing AS. Further in-depth mate analysis is required in this aspect to avoid omission of some important factors. In addition, in modeling analysis of the selected inflammatory factors by using various intelligent algorithms, the number of samples is limited, which will have some effect on the results and can only explain partial circumstances. Therefore, modeling analysis is needed by increasing the sample size.
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[^1]: Note: P \< .05 indicates a significant difference.

[^2]: The variable entered in step 1: MDA.

[^3]: The variable entered in step 2: Cys C.

[^4]: The variable entered in step 3: IL-6.

[^5]: The variable entered in step 4: Hcy.

[^6]: The variable entered in step 5: D-D.

[^7]: The variable entered in step 6: Hs-CRP.

[^8]: Cut value is .500.
